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Abstract: This study investigated the possibility of determining iron deficiency in orchard leaves using visible/near-infrared methods.
Sampling was performed in 24 different healthy orchards (apple, cherry, and peach trees) grouped depending on the severity of iron
deficiency. The study was conducted on a total of 120 plant samples including 40 apple, 40 cherry, and 40 peach trees. Spectral reflectance
of leaves was measured with a FieldSpec HandHeld spectroradiometer (ASD Inc.) using a plant probe and a leaf clip. Total and active
iron contents of leaves in the same samples were determined. Derivative graphs were drawn for the measured spectral curves. Stepwise
multiple linear regression analysis was used to model the total and active iron levels selected from spectral reflectance values and
derivative curves. Mathematical estimation models with the highest relationship were established. Wavelengths between 540 nm and
560 nm (visible green) and 990 nm and 1010 nm (near infrared) were found to indicate the active iron levels in apple, cherry, and peach
trees. The coefficients of accuracy for active iron content were found to be as follows: apple 76.70%, cherry 75.28%, and peach 78.69%.
The total iron content was found to be as follows: cherry 63.25%, peach 59.65%, and apple 75.08%. The selected wavelengths produced
higher estimation values for the determination of active iron than those for total iron because total iron content affected different regions
of the electromagnetic spectrum.
Key words: Spectroradiometer, hyperspectral sensing, visible near infrared, nutrient deficiency, active iron

1. Introduction
Traditional chemical analysis methods are typically timeconsuming. Therefore, visible/near-infrared (VNIR)
reflectance spectroscopy has been increasingly used for
plant analysis and nutrient deficiencies determination.
This technique is rapid, nondestructive, and cost
effective, requires minimal sample preparation, can be
used in situ, does not involve hazardous chemicals, and,
importantly, can detect several plant stresses from a single
scan. The VNIR spectra can be used to determine sensitive
organic composition (Viscarra Rossel et al., 2006). The
conventional chemical analysis methods are usually timeconsuming. Therefore, near-infrared spectroscopy, a
fast, nondestructive technique, has been widely used for
quantitative analysis (Lillhonga and Gelady, 2011; Cao and
Zhan, 2014).
Plant nutrient element stress is one of the important
abiotic stress factors that has long been investigated
by researchers. Such stresses can occur in the case of
deficiency or excess of mineral substances (Abadia et al.,
2011). Plants absorb, reflect, emit, and distribute radiation
coming from any source. Akin to any object, plants have a
* Correspondence: leventbasayigit@hotmail.com

typical reflectance value. The energy released by the bonds
between organic atoms such as –CH, –OH, –NH, C=O,
and –SH in plant compositions is absorbed in the infrared
(IR) region (Chang et al., 2001; Pasquini, 2003).
Real-time spectral reflectance measurements in flora
or intact leafs also provide estimations of biochemical
composition of plants (Peñuelas and Filella, 1998; Zhao,
2007), especially of leaf nutrients and chlorophyll contents
(Yoder and Pettigrew-Crosby; 1995; Sims and Gamon,
2002; Zhao, 2007; Albayrak et al., 2011).
Numerous studies have reported that empirical
estimates of canopy chemistry can be obtained on the basis
of VNIR spectroscopic measurements. Stepwise multiple
linear regression (SMLR) was used in these studies to
predict leaf chemistry from reflectance spectra (Card et
al., 1988; Curran, 1989; Wessman et al., 1989; Grossman et
al., 1996; Martin and Aber, 1997; Kokaly and Clark, 1999;
Curran et al., 2001; Vávřová et al., 2008; Gholizadeh et al.,
2013).
According to Pacumbaba and Beyl (2011), numerous
studies have investigated the spectral reflectance
variations due to different biochemical and element
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concentrations including chlorophyll a and b, N, P, K, Ca,
Mg, Zn, Fe, and Mn. In order to predict the concentration
of a specific nutrient in a plant, the target component
must be characterized spectrally from other influencing
components in the obtained spectra. These studies
reported less chlorophyll in nutrient deficient plants than
in control plants, and chlorophyll significantly influenced
spectral changes in the visible region. Responses to specific
nutrient deficiencies have also shown a noticeable shift in
spectral reflectance to shorter wavelengths of red edge
occurring between the red and near-infrared areas.
Iron deficiency is a major constraint for successful
cultivation of fruit tree crops in calcareous or alkaline
soils, which account for one-third of the earth’s surface
(Hansen et al., 2006). Iron plays an important role in the
synthesis of chlorophyll, different enzymatic reactions,
and energy metabolism though it is not found in the
structure of chlorophyll. Iron deficiency chlorosis causes
huge reductions in average yield in tree species when
considering the whole tree. Moderate chlorosis was
reported to cause total yield losses of 83% in trees (AlvarezFernandez et al., 2011).
Iron deficiency in trees can be detected through
vegetation indices. In these studies, the most distinguishing
spectral region was identified in the visible region of the
electromagnetic spectrum (505–740 nm), and pigments
such as chlorophyll and carotenoids were dominant in
this region (Delalieux et al., 2007). Mariotti et al. (1996)
found that leaf dry weight, area, iron concentration, and
chlorophyll a and b contents decrease in the case of iron
deficiency. Iron content and chlorophyll a (r = 0.92) and b
(r = 0.93) concentrations showed high correlation. Because
plant chlorosis and active iron content are more strongly
correlated than plant chlorosis and total iron content,
active iron content must be carefully evaluated using
spectral reflectance methods to identify iron deficiency
in plants. Although total iron content can indicate the
utilization of iron in the plant structure, it can sometimes
produce incorrect results. However, active iron content
clearly explains the Fe2+ difference between green plants
and those with iron chlorosis. Although iron is necessary
for biosynthesis of chlorophyll in plants, total iron is not
adequate to determine plant iron content in chlorotic
plants. Ferrous iron, referred to as active iron, which can
be extracted with some chelating substances, is more
strongly associated (Köseoğlu and Açıkgöz, 1995).
Plants constantly absorb iron from their growing
environments. Because iron cannot be transferred from
old leaves to young leaves, growing organs of plants meet
their iron requirements by constant iron intake. Iron is
found in root areas in the form of Fe+, Fe2+, and Fe3+ ions
in soil, in organic bonds, or in the form of chelates. Iron is
used as Fe2+ in plant metabolism; therefore, plants intake
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Fe2+ iron or reduced Fe+. Although some plants contain
higher amounts of Fe3+, they have iron deficiency, thus
proving that Fe3+ ion is not used in plant metabolism
(Brown, 1978).
Gezgin and Er reported that the active iron content of
leaf petioles that did not exhibit chlorosis symptoms was
in the range of 12.0 to 53.7 mg kg−1 and in those exhibiting
slight, medium, and severe chlorosis was 52.1 mg kg−1 to
68.1 mg kg−1, 9.2 mg kg−1 to 121.0 mg kg−1 and 4.1 mg kg−1
to 14.8 mg kg−1, respectively. The active iron levels for
leaves ranked according to the degree of chlorosis were
61.2 mg kg−1, >36.2 mg kg−1, >30.6 mg kg−1, and >9.3 mg
kg−1 for slight, medium, green, and severely chlorotic,
respectively. Their study showed that active iron content in
leaf blades, which varied with the degree of iron deficiency
in vineyards, was a reliable indicator of chlorosis (Gezgin
and Er, 2001).
Grossman et al. (1996) reported that SMLR analysis can
be used to quantify leaf carbon, nitrogen, lignin, cellulose,
dry weight, and water composition from leaf reflectance
levels. In fact, in their study, stepwise multiple regressions
on artificially constructed datasets that randomized
the association between nitrogen concentration and
reflectance spectra produced coefficients of determination
(r2) between 0.41 and 0.82 for the first and second
derivative log (1/R) spectra.
Ordóñez et al. used functional linear regression and
functional nonparametric methods (Ker, MM, Mode, Qua,
Reg, RegG) with electromagnetic reflectance between 350
nm and 2500 nm as the input data to predict the chemical
characteristics (moisture, dry mass, and concentrations of
N, P, K, Ca, Fe, and Mg) of vine leaves. The obtained results
showed different levels of correlation between reflectance
and the predicted data. The nonparametric methods
yielded better results than the functional regression
method because they produced smaller prediction errors.
Moisture (r2 = 0.96) and nitrogen (r2 = 0.95) were the best
predicted components, whereas magnesium content was
the worst predicted component (r2 = 0.77). Therefore, this
method is effective but depends on the cultivar (Ordóñez
et al., 2013).
A new method was developed for estimating the
biochemistry of plant material using spectroscopy and
SMLR analysis, which was used to select wavelengths in
the broad absorption features centered at 1.73 µm, 2.10
µm, and 2.30 µm that were highly correlated with the
chemistry of samples from eastern US forests. A subset of
the data from the eastern US forest sites was used to derive
linear equations that were applied to the remaining data
to successfully estimate the nitrogen, lignin, and cellulose
concentrations. The highest correlations were found for
nitrogen (r2 from 0.75 to 0.94) (Kokaly and Clark, 1999).
Gholizadeh et al. used VNIR spectroscopy to evaluate
the prediction of soil nutrients. The soil nutrients examined
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were total nitrogen (N), available phosphorus (P), and
exchangeable potassium (K). The authors reported that
the Savitzky–Golay algorithm and stepwise multiple linear
regression (SMLR) for developing calibration models and
VNIR spectroscopy are good tools to assess soil nutrients
in Malaysian paddy fields (Gholizadeh et al., 2013).
Menesatti et al. investigated the determinability of
nutrient contents (N, P, K, Ca, Mg, Fe, Zn, and Mn) in
citrus plants [Citrus sinensis (L.) Osbeck cv. Tarocco]
using VNIR spectrophotometric analysis. For this purpose,
the reflectance values and chemical analysis results of 50
orange leaves were compared using partial least square
(PLS) multivariate statistics method. Consequently,
this investigation produced a wide range of r values for
nutrients: N = 0.945, P = 0.915, K = 0.995, Ca = 0.995, Mg
= 0.982, Fe = 0.946, Mn = 0.840, and Zn = 0.905. Further,
all the elements were predicted with adequate r values
using the VNIR spectrophotometric method (Menesatti et
al., 2010).
Visible/NIR spectroscopy was successfully employed
for determining some trace elements (Fe, Zn) in rice.
The final results demonstrated that ICA is a powerful
tool for variable selection, and the newly proposed ICALS-SVM method can be employed as an alternative fast
and accurate method for determination of trace elements
in rice (Shao and He, 2013). The purpose of the current
study was to investigate the prediction of iron deficiency
in orchards using reflectance characteristics. Thus the
objective of this study was to determine iron deficiency in
apple, cherry, and peach tree samples using near-infrared
spectroradiometric reflectance techniques.
2. Materials and methods
The study was conducted in the Isparta region of Turkey,
where iron deficiency is common. Significant nutritional
problems were reported in numerous cherry orchards in
the region (Köseoğlu and Açıkgöz, 1995). Furthermore,
total iron content of orchards was found to vary between
68 mg kg−1 and 137 mg kg−1. Jones et al. (1991) reported
that 63% of the orchards contain inadequate amounts of
iron, whereas 37% contain adequate amounts of iron.
Spectral measurements and leaf samplings were
conducted on trees with significant effects of iron deficiency.
Sampling and measurement procedures were performed
in the last week of July 2010, which is a suitable time for
sampling fruit trees. No fertilization was applied in July.
Sampling was performed on 5 different trees in 8 different
orchards for each fruit species. A total of 120 plant samples
including 40 apple, 40 cherry, and 40 peach samples were
used in the study. Spectral measurements were obtained
in the orchards and on intact leaf samples. A portable
ASD FieldSpec HandHeld spectroradiometer was used
to obtain the spectral measurements. Spectral reflections

were measured using a plant probe with a leaf clip in a
wavelength range of 320–1075 nm with 10 replications.
A Spectralon reference panel (white reference) was used
to optimize the ASD instruments for obtaining canopy
reflectance measurements at each sampling plot.
Measurements and samplings were performed on
central leaves of young shoots of appropriate size. The
measured leaves were placed in sampling bags and
transported to the laboratory in coolers for analysis. The
leaf samples were washed, ground, dried, and prepared
for chemical analysis (Kaçar and İnal, 2008). The active
and total iron contents of the leaf samples were then
determined.
Total iron was determined using an atomic absorption
spectrophotometer (AAS) (Jackson, 1967). Active iron
content was determined within 2 h of collecting the
samples by cutting the tissue into 1- to 2-mm sections.
Two grams of tissue were mixed with 20 mL of 1 N HCl, let
stand for 24 h and filtered, and the Fe content in the filtrate
was then determined using AAS (Takkar and Kaur, 1984).
Stepwise multiple linear regression analysis, a multiple
comparison test, was used to evaluate the total and
active iron levels obtained from the spectral data of the
analyzed plants and the laboratory analysis results. In this
method, the wavelengths associated with the plant iron
levels were determined, and regression equations were
constituted using the selected wavelengths. In SMLR, an
observed dependent data set (e.g., chemical concentration
of nitrogen, lignin, or cellulose) is fit using a linear
combination of independent variables (e.g., Dn values at
discrete wavelengths). The result of this statistical method
is a number (N) of wavelengths (li = 1, N) correlated to
the dependent variable, and a linear equation combining
the values of the independent data set at these wavelengths
and coefficients (a0, ai = 1, N) established by regression
(Kokaly and Clark, 1999).
The stepwise regression procedure can be used
separately for each of the leaf biochemical contents. A
stepwise regression routine developed in IDL (Interactive
Data Language) was used. This routine is based on an
algorithm developed by Afifi and Azen (1971).
From mathematical estimation models, a maximum
of 10 bands with decreasing band numbers and highest
r2 values using different wavelength combinations by
decreasing variables (wavelengths) were employed. This
method was used to evaluate the wavelengths selected from
the derivative data of spectral reflectance and iron element
levels to determine the band or band combinations related
to active iron.
3. Results
Total iron content of the collected samples varied between
22.46 mg kg−1 and 116.70 mg kg−1, whereas the active iron
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content varied between 1.10 mg kg−1 and 12.68 mg kg−1.
Detailed statistics on the iron contents of the samples are
listed in Table 1. According to the limits determined by
Jones et al. (1991), iron deficiency was identified in 62%
of the samples. Further, 45% apple, 80% cherry, and 60%
peach trees were found to be iron deficient. The images of
the collected leaf samples showing different degrees of iron
deficiency are shown in Figures 1 and 2.
The reflectance graphs of the minimum and maximum
values of active iron contents in laboratory analysis
results obtained from the apple, cherry, and peach trees
showed that (i) reflectance increased as the active iron
content decreased and (ii) iron deficiency can be observed
from the increase in reflectance in the formed spectral
signature. The maximum difference in reflectance between
the samples with the lowest and highest active iron content
was found in the apple samples, and this difference was
lowest in the cherry samples (Figures 1 and 2).
The active iron content values from the laboratory
results (0–3, 3–6, and >6 mg kg−1) were divided into 3
categories for apple, cherry, and peach samples. According
to the spectral signatures, the reflectance values of the
apple samples having 0–3, 3–6, and >6 mg kg−1 active
iron contents varied in the ranges of 0.2–0.6, 0.1–0.2, and
0.05–0.1, respectively. Similarly, in the cherry samples,
the reflectance values for the same categories were in
the ranges of 0.2–0.8, 0.1–0.3, and 0.05–0.1, whereas the
reflectance values in peach samples were considerably
different: 0.1–0.4, 0.1–0.2, and 0.1–0.2. Gezgin and Er
(2001) reported that the active iron content of blades
in leaves that did not show chlorosis symptoms ranged
between 47.2 mg kg−1 and 85.1 mg kg−1. The active iron
content of blades of leaves exhibiting slightly green,
medium, and severe chlorosis symptoms ranged from 42.8
mg kg−1 to 56.2 mg kg−1, 11.7 mg kg−1 to 21.9 mg kg−1, and

5.2 mg kg−1 to 14.5 mg kg−1, respectively. They also found
no relationship between total iron content and chlorosis
symptoms; however, a statistically significant relationship
exists between chlorosis symptoms and active iron content
of leaf blades.
The highest r2 value was considered to derive the
optimum mathematical equation (Osbourne et al., 2002).
Six different models with decreasing wavelengths were
developed for each species. The highest r2 values were
found to be 0.7670, 0.7528, and 0.7869 for apple, cherry,
and peach trees, respectively, whereas the lowest r2 values
were found to be 0.5227, 0.1870, and 0.4727, respectively,
when 10 bands (wavelengths) were used. The estimation
equations are shown in Table 2. Ten bands (wavelength)
yielded the highest r2 values of 0.7508, 0.5144, and 0.5965
for apple, cherry, and peach trees, respectively. On the
other hand, the lowest r2 values were 0.1513, 0.1522, and
0.3476 for apple, cherry, and peach trees, respectively.
The hyperspectral measurements indicated an increase
in red, near-infrared, and infrared spectral regions for
lettuce leaves (Lactuca sativa L. cv. Black Seeded Simpson)
owing to macronutrient (N, P, K, Ca, and Mg) deficiencies,
and the spectral reflectance data were used to determine
the status of plant nutrients by analyzing variance (P <
0.05) (Pakumbaba and Beyl, 2011).
Statistical analysis showed that the reflectance values
yield higher r2 values than total and active iron contents in
the case of cherry and peach trees. No significant difference
was observed in apple trees. Wavelengths in the 540–560
nm interval were used to determine the iron content in
apple, cherry, and peach trees, whereas wavelengths
between 350–360 nm and 990–1010 nm were used in
active iron estimation models. Correspondingly, authors
reported that iron reflectance was significant in sunflower
and corn at 400–700 nm. They concentrated on reflectance

Table 1. The descriptive statistical data of active iron content.
Apple

Peach

Total iron

Active iron

Total iron

Active iron

Total iron

Active iron

Min. (mg kg–1)

22.46

1.10

22.65

1.24

24.57

2.20

Max. (mg kg )

116.60

9.11

116.70

22.56

69.12

12.68

Med. (mg kg–1)

54.93

3.87

51.45

4.79

46.60

6.35

St. Er.

3.03

0.34

2.93

0.58

1.65

0.49

–1
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Cherry

Sd

19.14

2.14

18.55

3.65

10.44

3.10

Variance

366.29

4.60

344.07

13.33

109.00

9.62

Kurtosis

1.64

–0.25

3.70

13.90

–0.26

–0.83

Skewness

0.87

0.93

1.53

3.08

0.13

0.64

Reliability (95.0%)

6.12

0.69

5.93

1.17

3.34

0.99
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Figure 1. Orchards’ leaf samples.

values at 429 nm, 555 nm, and 678 nm, which are especially
significant in reflectance graphs. Furthermore, the rededge position of plants shifted to shorter wavelengths by
6 nm (Mariotti et al., 1996) in corn and sunflower plants
with iron deficiency.
The total and active iron levels obtained from
spectral reflectance data and laboratory analysis of leaf
samples collected from apple, cherry, and peach trees
were compared using SMLR analysis method to develop
mathematical estimation models. By using wavelength and
iron content as the independent and dependent variables,
respectively, mathematical models with a maximum of 6
bands were found to yield the highest r2 value.
A statistically significant relationship was found
between the active iron contents of apple, cherry, and
peach leaf samples and the spectral reflectance values of
leaves in the wavelengths of 540–560 nm and 990–1010
nm. Therefore, chlorosis conditions caused by iron
deficiency and chlorophyll deformation, which cannot
be perceived by the human eye, can be identified with the
spectral reflectance values measured in the near-infrared
region. These results are supported by statistical analysis of
laboratory analysis results and spectral reflectance values.
Yongni and Yong (2013) reported that the trend of
spectral curves is similar in the VNIR region, namely, a
small peak appeared at the green band from 560 nm to 580
nm, and reflectance increased rapidly at approximately
690–740 nm (red edge) from 10% to 30%–70%.
Wavelengths at 580 nm were close to the green pigments,
and wavelengths near 680 nm and 710–730 nm were at
the red-edge position because iron is found in varying
concentrations in different regions of different plant
species and is used in varying values.

The pigments in cherry and peach leaves do not
produce spectral reflectance curves, especially in the
visible region, and are unrelated to the total iron content;
however, they are directly related to the active iron content.
Regression equations were tested for their ability to
predict active and total iron levels using root mean square
analysis (RMSE). As expected, the correlations were
highest (66.33% < r2 < 75.39%) and RMSE was lowest
(1.05% < RMSE < 1.65%) for the active Fe predictions.
On the other hand, correlations were lowest (42.3% < r2 <
57.84%) and RMSE highest (6.69% < RMSE < 14.35%) for
total iron predictions (Table 3).
Figure 3 shows the accuracy of all the predicted active
iron concentrations using correlations plotted against the
r2 measured values for apple (75.39%), cherry (66.33%),
and peach (70.96%). However, the r2 values between the
predicted and measured values were found to be lower for
total iron contents than for active iron contents for apple
(42.30%), cherry (40.63%), and peach (57.84%).
4. Discussion
This study was conducted under field conditions to
develop suitable methodologies for analyzing data using
a spectroradiometer. Single wavebands or broadband
indices cannot completely explain the variation in
foliar chemistry (Zhao et al., 2005; Pullanagari et al.,
2011). Single band values are not directly related to any
plant chemical constituent because of the overlapping
of chemical absorption features. Therefore, the use of
10 spectral wavebands was proposed to determine the
relationship between reflectance measurements and active
iron content.
Models were developed using acquired and processed
spectral data of active iron contents. Although numerous
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Figure 2. Reflectance curves of orchard leaves at different active iron contents.
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Figure 2. (Continued).
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Figure 2. (Continued).
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Table 2. The prediction models and r2 values.
Total iron

r2

Apple

78.42 + (–233 × 710 nm) + (556 × 687 nm) + (–10949 × 514 nm) +
(11028 × 510 nm) + (1973 × 529 nm) + (–503 × 650 nm) +
(–3127 × 464 nm) + (6011 × 472 nm) + (–4849 × 492 nm)

0.4338

Cherry

70.85 + (157 × 710 nm) + (–4500 × 529 nm) + (–797 × 650 nm) +
(5979 × 521 nm) + (10332 × 472 nm) + (–6534 × 464 nm) +
(–3922 × 492 nm) + (–289 × 687 nm)

0.4130

Peach

9.005 + (4860 × 464 nm) + (6788 × 492 nm) + (1021 × 687 nm) +
(–550 × 650 nm) + (2190 × 472 nm) + (681 × 510 nm) +
(1065 × 529 nm) + (–1684 × 521 nm) + (–51 × 710 nm)

0.4905

Active iron

r2

Apple

9.148 + (–51 × 710 nm) + (148 × 687 nm) + (–22 × 464 nm) +
(–165 × 472 nm) + (266 × 529 nm) + (–479 × 514 nm) +
(–38 × 650 nm) + (339 × 492 nm)

0.6799

Cherry

14.08 + (71 × 710 nm) + (–1833 × 529 nm) + (106 × 650 nm) +
(3152 × 521 nm) + (–235 × 687 nm) + (–2786 × 514 nm) +
(2210 × 510 nm) + (–1250 × 492 nm) + (2164 × 472 nm) + (–1307 × 464 nm)

0.7644

Peach

14.74 + (–28 × 710 nm) + (49 × 687 nm) + (–554 × 521 nm) +
(38 × 650 nm) + (291 × 529 nm) + (–84 × 514 nm) +
(–474 × 472 nm) + (518 × 510 nm) + (247 × 464 nm) + (56 × 492 nm)

0.5502

Table 3. Tested of regression equations by using RMSE for iron.
Active iron

Total iron

r2 of models (%)

RMSE value for
r2 of modelss(%)
validations of models

RMSE value for
validations of models

Apple

67.99

1.05

43.38

14.35

Cherry

76.44

1.45

41.30

14.11

Peach

55.02

1.65

49.05

6.69

mathematical transformations have been used in studies
to derive the relationship between measured iron and
reflectance measurements, the first derivative was found to
be most useful with an improved statistical accuracy when
compared with reflectance alone.
In this study, the iron deficiency estimates of orchards
were obtained with high accuracy, and the chemical
constituents of the leaf samples with natural chlorosis
verify the improved accuracy. Moreover, active Fe content
also contributed to the large variance.
To develop the best model, a wide data range is required
within the data set. However, the total iron content was
not predicted as accurately as the active iron content.
Although studies determining nutrient deficiencies in
plants produced satisfactory outcomes, each proposed a
different model possibly because of the range of samples

used in the data sets and the influence of deficiency of
other nutrients.
Moreover, a high level of correlation exists between
accuracy assessments, thus affecting the precision of
predictions. However, the accuracy of these models can be
improved using hyperspectral sensing.
The results of this study show that the spectral
characteristics of iron deficient leaves are related more to
active iron content than to total iron content. Moreover,
the r2 values were higher for active iron. The value of
validity for active iron is higher than that for total iron.
The wavelengths used to determine the active iron content
are more valuable for determining iron deficiency.
In conclusion, we obtained promising results for
identification of iron deficiency in apple and cherry trees
using VNIR spectroscopy. Active iron content significantly
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Figure 3. Correlations of total and active iron content between measurement and estimate data set.

affected iron deficiency when compared with total iron
content. Furthermore, we found that the categorization
based on active iron contents (0–3 mg kg−1, 3–6 mg
kg−1, and >6 mg kg−1) is related to chlorosis in both the
reflectance and visual methods.
Environmental conditions and differences in
agricultural practices affect iron content and spectral

reflections of plants. Iron especially plays an active role
in changes occurring in different tissues and organs of
plants, and further spectroscopic studies are required to
determine the interaction of other nutrients. In addition,
the relationship between active iron content and red-edge
position must be determined using different red-edge
position interpolation techniques.
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